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Abstract 
Smart data acquisition is an important tool for companies in international competition as it allows new ways of creating machine 
understandable knowledge as well as revealing unexploited optimization potential. Furthermore, the current movements in 
production to autonomous and decentralized intelligence are based on this acquisition of data. This paper deals with the challenge 
of developing a new approach for data acquisition in industrial environments, recognizing the need for a user-friendly designed 
system supporting the operator in his work rather than distracting him. Moreover, this gathered data is the basis for data-driven 
process optimization and creation of new knowledge. 
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1. Introduction 
Social megatrends such as globalization, urbanization, 
demographic changes, growth of population and sustainability 
have great impact on manufacturing enterprises [1]. Due to 
the trend to personalized production, the variety of products 
rises extremely while quantities per product and variant 
decrease, leading to a rise in complexity in manufacturing. A 
propagated solution within the manufacturing sector 
addressing the rising complexity by usage of technologies of 
the fourth industrial revolution is the smart factory. Key skill 
of the smart factory is decentralized and autonomous self-
organization, based on data collected by cyber-physical 
systems and human intelligence [2]. 
Away from this future approach, reality at shopfloor areas 
around the world is in most cases less advanced: 
Processes that are mainly driven by humans are nowadays still 
underrepresented in terms of data acquisition. This can be 
seen as a potential drawback from several perspectives. On 
the one hand side, addressing the need for greater 
manufacturing flexibility can only be successful when human 
characteristics like intelligence and flexibility as well as their 
implicit knowledge are supported in an advanced mode. 
Furthermore, the Industrie 4.0 approach includes seamless 
interaction between humans and the surrounding systems, no 
matter whether of virtual or physical kind. Without decent 
dynamic knowledge about human actions, there will be no 
advanced interaction with either virtual environments or the 
physical world. 
Besides, the approaching trend for big data, which will be a 
key concept in enabling the smart factory, starts with 
sufficient amounts of data from the field of interest. Google's 
customization of individual searches based on collected web 
data or personalized adverts within your facebook timeline 
have already been implemented because of the collection and 
analysis of vast data from millions of individuals over time. In 
order to transfer this data analysis concept to manufacturing a 
sufficient data base is necessary [3]. 
However, human work in manufacturing processes is likely 
the most difficult part where to gather data from because of 
reasons like regulatory constraints or the simple fact that a 
human being does not have a digital interface to connect with.  
Within this paper, a new approach for continuous data 
acquisition as a basis for data-driven process optimization and 
creation of new knowledge is stated, focusing on human work 
at shopfloor level. 
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2. State of the Art 
Motivation for data acquisition results from legal 
requirements as well as intrinsic motivation. In the EU each 
manufacturer is obliged to prove that their products are 
developed and manufactured, based on state of the art 
technologies [4]. Data can serve as evidence in the 
documentation of methods and of gained insights in product 
development and manufacturing. In specific industry sectors 
e.g. pharmaceutical industry even stricter law requirements 
apply, forcing companies to collect and archive all raw data 
[5]. Also in research environments data acquisition and 
archiving for at least ten years is recommended [6]. Intrinsic 
motivation to collect and analyze data results from the need to 
optimize processes [5]. Furthermore, efficient production data 
acquisition is the backbone for smart factories [7]. 
In 1985 Michael E. Porter described the value chain, 
containing primary and secondary activities for companies to 
create value [8]. Based on Porter’s value chain Miller and 
Mork developed the idea of a data value chain (see Fig. 1). 
This data value chain aims at the management and 
coordination of data from data generation to decision making, 
accomplished through data discovery, data integration and 
data exploitation [9]. 
 
 
Fig. 1. Data value chain [9] 
2.1. Production data acquisition 
Data acquisition is the first step in data discovery. In 
production environments various data types have to be 
collected such as product and process data, order data or data 
about the factory structure and resources [10]. 
Necessary tools are differentiated in manual, semi-
automatic and automatic data acquisition tools [11, 12]. 
However, especially manual data acquisition is often limited 
to absolutely required data, due to timely and monetary effort 
[13]. State of the art production data acquisition tools are 
characterized by preliminary defined processes as well as 
structured and planned data. Data acquisition is triggered by 
defined events or planned times. In addition exact locations 
for data collection have to be planned in advance [11]. 
2.2. Big data analysis 
Data exploitation containing activities in analyzing and 
visualizing data as well as decision making marks the other 
end of the data value chain. Due to enormously rising data 
amounts generated each year, new technologies are necessary. 
These datasets are often referred to as big data which 
describes datasets whose sizes and complexities are beyond 
the capabilities of traditional data analysis technologies [14]. 
The challenges of big data are often described by three 
dimensions: volume, velocity and variety [15]. Newer 
publications are also listing the dimensions of data’s veracity 
and value [16, 17]. Furthermore, a common data 
representation (data integration in Fig. 1) becomes less 
important with big data technologies, because they are 
specialized in analyzing data with no regard to structuring 
levels or data representation [15]. 
Within the manufacturing sector a decrease up to 50 
percent in product development and assembly costs as well as 
up to seven percent reduction of working capital by big data 
analysis is expected. Therefore, big data will become a key 
factor for competition and growth for companies of the 
manufacturing sector [14]. 
2.3. Gap analysis 
According to a survey by PricewaterhouseCoopers (PwC) 
companies have already realized the importance of efficient 
data analysis and application for their future competitiveness 
and business model [18]. Various authors have shown the 
abilities of big data applications in manufacturing e.g. real-
time optimization of supply chain networks, predictive 
maintenance or decision support [16, 17, 19]. But all these 
applications assume a suitable existing data base.  
While equipment depending on the industry e.g. in 
semiconductor manufacturing is sometimes highly integrated, 
data about human work is most likely not collected due to 
monetary or timely effort, data protection laws or missing 
suitable technologies. But for a vast of companies, production 
is dominated by human work and manual tasks [20]. 
Therefore, the presented approach needs to focus on data 
acquisition for manual tasks to address data discovery within 
the data value chain (see Fig. 1). In addition, collecting this 
data is necessary to close the gap between the current 
situation of data acquisition in production environments and 
the requirements of big data analysis. 
3. Approach 
This section defines the requirements for the presented 
smart data acquisition approach and subsequently describes 
the approach named Wear@Work in detail. 
3.1. Requirements 
State of the art in data acquisition shows that currently only 
data which has been structured and planned in advance is 
recorded in industrial production. Besides the actual data this 
also includes locations and times when to record data. Even in 
research laboratories data is mostly recorded for pre-defined 
purposes only. Furthermore, the introduction of additional 
data acquisition tools leads to significant timely and monetary 
effort. But data can only be analyzed when formerly recorded.  
Therefore, the presented approach requires data acquisition 
without any preliminary planning and structuring. In addition, 
a preferably high number of sensors should be included in 
order to create a suitable data base for various analyzing 
technologies. A high number of sensors combined with high 
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sample rates lead to the expectation of high data volumes. 
Thus, the presented approach also needs to deal with data 
transfer, data storage and data analysis. Data transfer includes 
the integration into the service-oriented architecture of smart 
factories. In exchange, the presented approach benefits from 
this integration by a reduced time needed to apply and 
integrate the solution. Besides the automated acquisition of 
sensor data a possibility for manual data recording also has to 
be included. 
The presented approach needs to aim at recording data 
which has not been or has only been partially recorded before. 
Existing data acquisition technologies should rather be 
complemented than replaced. Further data sources which are 
not in scope of the approach e.g. machine data or environment 
data could be included later. 
Out of the user perspective the data acquisition device has 
to be worn effortlessly on the body and needs to run 
continuously without any user interaction. Furthermore, the 
actual process of acquiring data should not distract the user 
from their main task for productivity and security reasons.  
3.2. Wear@Work Approach 
Wearables are miniaturized computer and sensor devices, 
which are worn effortlessly on or in a further development in 
the body of the wearer [21, 22]. They provide information and 
interaction with information anytime and anywhere, which is 
often described as always on and always accessible [23]. 
Furthermore, wearables are designed for hands-free operation, 
which helps distinguishing wearables from portable devices 
like smartphones or tablets [22]. This allows the wearer to 
stay focused on their main task and be assisted by the 
wearable rather than be distracted. Therefore, wearables have 
been chosen as the technical basis for the presented approach 
in order to assist the wearer by gathering data without 
additional effort.  
Whenever a wearable needs to be aware of its wearer, 
location or activity, sensors are needed. This awareness is 
built-in through mechanical, acoustic, biological, optical and 
environmental sensors [21, 24]. Not all sensors are necessarily 
wearable, but every wearable is equipped with sensing 
capabilities [25]. Combined with the continuous operation of 
wearables they fit perfectly well the requirement of 
continuous data acquisition. 
In the presented approach, a preliminary planning and 
structuring of the data acquisition is not necessary because all 
sensor data is being recorded. Besides typical sensors like 
device’s acceleration or wearer’s pulse this also includes 
communication technologies signal strengths such as WiFi or 
Bluetooth, which can be used for localization purposes. All 
this data can be recorded continuously and user-
independently. Additionally, a possibility for manual data 
acquisition by voice recording was integrated in order to 
enable the wearer recording data which is not covered by the 
wearables’ sensors.  
Depending on the number and diversity of integrated 
sensors, wearables are producing a wide variety of data 
ranging from structured data like accelerometer values to 
unstructured voice or video recordings. Besides this variety, 
wearables are also generating data at high velocity. This 
means that values even in cheap sensors are collected with 
frequencies up to a few hundred Hertz. While one wearable is 
not necessarily generating high data volumes, imagine each 
worker within a factory being equipped with at least one data 
collecting wearable. All these wearables together are 
generating huge amounts of data (see Chapter 4). In order to 
handle this variety of at high velocity generated data, new 
approaches and technologies are necessary. These 
technologies to transfer, store and later analyze data are often 
referred to as big data technologies. For transferring high 
volumes of data at high velocity the wearable has to be 
integrated in the service-oriented architecture of smart 
factories. To overcome the limitations of traditional relational 
databases in storing data and handling requests, the 
technology of NoSQL databases has been chosen for the 
presented approach. With no need to change existing data but 
high rates of adventitious data the concept of NoSQL 
databases fits perfectly well [15]. Therefore, the time series 
database InfluxDB has been used within the presented 
approach’s implementation due to its data schema-free design, 
high performance as well as the possibility to store numeric 
values and strings which is often not included in other time 
series databases [26].  
The following subchapters will show three key aspects of 
the presented approach in detail: the selection of a wearable 
type, the design of the user interface and approaches for data 
exploitation.  
3.2.1. Selection of a wearable type 
According to Jiang et al. wearables can be classified by 
their product form [27]. Examples for each product form can 
be seen in Table 1. 
Table 1. Wearables classified by product form 
head-mounted 
 
 
e.g. Google Glass, Oculus Rift 
hand-worn 
 
 
e.g. Apple Watch, Fitbit Charge 
body-dressed  
 
 
e.g. Ralph Lauren Polo Tech Shirt 
foot-worn 
 
 
e.g. Trumpf MagicShoe 
 
Based on this classification by product form, commercially 
available wearables suitable for data acquisition have been 
analyzed. Only wearable types with significant market 
competition have been considered. Furthermore, the 
possibility to run vendor-independent applications and a 
screen for visual feedback to the user were required. The 
outcome of this analysis were three suitable wearable types: 
augmented reality glasses, smartwatches and activity trackers.  
According to this analysis the wearable type smartwatch 
has been chosen as an implementation for the presented 
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approach. Smartwatches are characterized by a high number 
of integrated sensors, sufficient computing power and the 
possibility to run vendor-independent apps on most 
smartwatches. Additionally the wearing position on the wrist 
is suitable for data acquisition in manual tasks. From the 
wearer’s perspective, the small size and the light weight as 
well as the similarity to traditional watches and, therefore, a 
high acceptance, are to be highlighted. In addition, main parts 
of the user interface are well known from smartphones. 
However, the presented general approach for data acquisition 
can be transferred to any other suitable wearable type. The 
usage of a smartwatch can be considered as an exemplary 
implementation.  
3.2.2. User Interface design 
Special emphasis was placed on the design of the user 
interface, which includes all hardware and software 
components necessary for interaction between wearer and 
wearable. Due to user acceptance, the user interface is of 
particular importance and according to DIN EN ISO 9241 
seven requirements have to be taken into account [28]. 
Amongst those the most important requirement for 
Wear@Work was the appropriateness of the user interface for 
its desired task. Especially in production environments or 
research laboratories it is crucial not to distract users from 
their main tasks due to security reasons. Instead, users have to 
be supported in their tasks to increase productivity and 
provide a safe and suitable working environment.  
In order not to distract the wearer, only applicable elements 
of the user interface are shown such as a button to start and 
stop data acquisition as well as a button to activate voice 
recording. On a second screen the data acquisitions status can 
be checked (see Fig. 2). Recorded sensor data is not shown, 
because there is no benefit for the user. The wearer only 
benefits from results of the data analysis, which does not 
necessarily have to be shown on the smartwatch. 
 
 
Fig. 2. Wear@Work user interface 
3.2.3. Data exploitation 
Data exploitation forms the value generating part of the 
data value chain by generating new insights and knowledge 
based on the acquired data. The presented approach is 
designed to include and link data from every source, 
structured and unstructured, for the exploitation. 
As the technical basis for data analysis algorithms are used 
to identify repetitions, regularities and similarities and aim to 
point out patterns and correlations. The R project which is 
well-known in scientific community and also increasingly in 
industrial applications suits this application very well. Its 
functionality could be expanded by plugins and the RHadoop-
implementation opens the possibility to use R in distributed 
Hadoop environments.  
Subsequently, results of data analysis can be visualized by 
the use of dashboards. In addition, technologies out of the 
field of machine learning can be used for decision making. 
Detailed information about data analysis algorithms, R and 
machine learning technologies can be found in relevant 
literature [29, 30]. Further research needs to be done to 
address this part of the data value chain (see Chapter 5). 
4. Results 
Besides the requirements, three use cases have been 
selected as a basis to evaluate the approaches results. As the 
technical basis to implement the Wear@Work approach for 
evaluation the architecture of the manufacturing IT platform 
Virtual Fort Knox has been used [31, 32]. 
Within each test run the following data has been collected: 
acceleration, gravity, rotation, magnetic field, ambient light, 
pressure, GPS coordinates, WiFi signals, Bluetooth signals, 
wearer’s pulse and voice recordings. All sensors combined, a 
test run of 8 hours which complies to a default work shift in 
factories produced about 500 MB data exported to a text file. 
4.1. Use Case 1 
Use case one describes the localization of humans in the 
factory, which can be used to schedule maintenance personnel 
or to optimize routes of automated guided vehicles within the 
factory by avoiding humans. Tests for the first use case have 
been performed at a semiconductor manufacturer’s plant. For 
this, a machine operator and a shift supervisor have been 
equipped with Wear@Work to evaluate the ability to localize 
and track workers based on data collected by Wear@Work. 
 
 
Fig. 3. Patterns in WiFi networks signal strength measured with Wear@Work 
The basic approach was to search for patterns in measured 
WiFi networks signal strength and link these patterns to other 
collected data. In doing so, different patterns could be 
identified (see Fig. 3, each point represents a measured signal 
strength, various networks are differentiated by color). It was 
expected that the different patterns were based on time 
periods of movement (highly volatile signal strengths, periods 
1+3 in Fig. 3) and stopovers (low volatile network strengths, 
periods 2+4 in Fig. 3). To prove this assumption the patterns 
were linked to other data sources e.g. GPS coordinates, 
ambient light and pedometer. Thus, periods of movement 
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could be clearly identified. In addition, weather data in form 
of sunshine hours was linked to check if the worker was 
inside production hall or on outdoor factory premises. 
 An even more precise localization is possible when using 
algorithms based on fixed points e.g. triangulation to analyze 
WiFi signal strengths. But therefore preliminary definition of 
these fixed points is necessary, which somehow contradicts 
the Wear@Work approach. 
There are several advantages of Wear@Work over existing 
localization technologies based on mobile devices like 
smartphones. First, there is the continuous data acquisition 
because the smartwatch is worn on the body of the wearer and 
could, therefore, not be forgotten. Second, additional data 
sources like ambient light, which are often not included in 
smartphones or which could likely be blocked by carrying 
inside pockets are integrated. Third, not only a person can be 
localized but also individual body parts e.g. the wearer’s 
hand.  
4.2. Use Case 2 
Use case two aims at simplifying ergonomic analysis or 
documentation of work steps by detection of worker’s hand 
movements. Tests for this use case have been conducted at 
Fraunhofer IPA and have been divided in two stages. At the 
first stage the smartwatch was mounted to a robot arm to 
evaluate sensor capabilities, afterwards the movements were 
performed by a human. 
The basic approach was again to search for patterns in 
data, this time in movement data e.g. acceleration and 
orientation and link these patterns to specific movements. 
Gyroscope’s data showed clear patterns but the absolute 
values differed even though it was a programmed movement 
by a robot arm (see Fig. 4). Acceleration data showed a 
similar behavior but with even less precise patterns. 
 
 
Fig. 4. Patterns in gyroscope data 
This was caused by the highly varying quality of sensors 
integrated in commercially available smartwatches (see Table 
2). Only sensors with high frequencies and precise resolutions 
allowed a suitable tracking of movements. 
Table 2. Comparison of gyroscope sensors in smartwatches 
Comparison of gyroscope sensors Device 1 Device 2 
Sensor vendor Motorola InvenSense 
Frequency (Hz) 25 200 
Resolution (rad/s) 0,01 0,0011 
 
The evaluation of the sensors’ data showed that it is 
basically possible to identify patterns in movement sensor 
data for robot and human movements. Nevertheless, this is 
highly dependent on the sensors’ frequency and resolution. In 
addition, an extensive data pool is needed to link these 
patterns to specific movements. Further research is needed 
addressing this use case’s topic. 
4.3. Use Case 3 
Use case three aims to improve the documentation of work 
steps and results using voice recognition. Thereby, the wearer 
benefits from both their hands being still being available for 
their main task. Tests for this use case are still under 
execution in cooperation with students of the chemistry 
department of the University of Stuttgart. Within these tests 
students who are working in various laboratories are using 
Wear@Work to log observations, performed tasks and 
parameters as well as results by voice recording.  
The interim results are very promising so far. Every test 
person highlighted the benefit of hands-free operation and 
admitted that more data was recorded than usual due to the 
possibility to record data without interrupting work to take 
notes. This data could later be used as a data source for the 
laboratory notebook.  
Nevertheless Wear@Work is not (yet) a full substitution 
for laboratory notebooks but rather an enlargement. First there 
is not yet a possibility to take photos e.g. of experimental 
setups or excerpts of data sheets. Second the voice recording 
is performed by a Google technology at the moment. That 
means all recordings are transferred to Google servers for 
voice recognition. Furthermore, this voice recognition engine 
is not optimized for the language and terms used in 
laboratories. Therefore, further technical development is 
needed in order to establish Wear@Work as an electronic 
laboratory notebook.  
5. Conclusion and outlook 
This paper describes the Wear@Work approach for smart 
data acquisition of human work, representing the data 
discovery section within the data value chain, as a basis for 
data-driven process optimization and creation of new 
knowledge. Therefore, it is necessary to close the gap between 
limitations of current production data acquisition methods and 
emerging approaches from big data analysis. For data about 
human work which is currently most likely not collected in 
industrial production, this has been achieved by the presented 
approach for data acquisition without any preliminary 
planning and structuring. In addition, the approach has been 
implemented in the form of equipping workers with a 
Wear@Work smartwatch. Valuable insights for data-driven 
process optimization and knowledge generation can be 
gathered by big data analysis. 
However, research and development in this field is not 
finished yet. In order to achieve a complete digital 
representation of the factory further data has to be collected 
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and integrated into data analysis. This could be done by 
considering the following aspects: 
x Equipping the whole factory personnel with Wear@Work 
smartwatches. Considering this exponentially growing 
number of data sources the presented approach’s 
technologies have to be reviewed and evaluated again. 
x Besides workers also factory equipment has to be 
developed to cyber-physical systems collecting data about 
themselves and their environments as well as to be 
integrated in the smart factory’s service-oriented 
architecture. However, this equipment integration has to be 
done by other technologies than using wearables. 
x Further development of wearables: Miniaturization, 
decreasing cost, increasing battery life and flexible 
components allow an even more effortlessly wearing on 
and in a further development in the body of the wearer. 
x To fully address the data value chain (see Fig. 1) more 
research has to be done covering data integration and 
especially data exploitation by ideas of chapter 3.2.3. 
Furthermore, especially when collecting data about 
humans data protection laws as well as other regulatory 
restrictions have to be considered. Country-specific laws in a 
globalized world even complicate this task. But current 
consultations about data protection laws in the European 
Parliament are also offering an opportunity to negotiate new 
and Europe-wide compromises between protection of privacy 
rights and the need for further data analysis in the 21st century. 
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